Abstract: Net primary productivity (NPP) is an important component of the terrestrial carbon cycle. In this study, NPP was estimated based on two models and Moderate Resolution Imaging Spaectroradiometer (MODIS) data. The spatiotemporal patterns of NPP and the correlations with climate factors and vegetation phenology were then analyzed. Our results showed that NPP derived from MODIS performed well in China. Spatially, NPP decreased from the southeast toward the northwest. Temporally, NPP showed a nonlinear increasing trend at a national scale, but the magnitude became slow after 2004. At a regional scale, NPP in Northern China and the Tibetan Plateau showed a nonlinear increasing trend, while the NPP decreased in most areas of Southern China. The decreases in NPP were more than offset by the increases. At the biome level, all vegetation types displayed an increasing trend, except for shrub and evergreen broad forests (EBF). Moreover, a turning point year occurred for all vegetation types, except for EBF. Generally, climatic factors and Length of Season were all positively correlated with the NPP, while the relationships were much more diverse at a regional level. The direct effect of solar radiation on the NPP was larger (0.31) than precipitation (0.25) and temperature (0.07). Our results indicated that China could mitigate climate warming at a regional and/or global scale to some extent during the time period of 2001-2014. 
Introduction
Net primary productivity (NPP) is the net amount of carbon accumulated by plants in a given period, and has been regarded as one of the main components of the carbon cycle [1] . Due to a variety of direct and/or indirect anthropogenic activities (e.g., land clearing and conversion) and nature disturbances (e.g., fire, pests) as well as global and regional climate change, forested ecosystems have undergone substantial changes in cover and have increasingly shown declines in health over recent decades [2, 3] . As a sensitive indicator of forest cover, function and health, NPP loss may affect the composition of the atmosphere, fresh water availability, biodiversity [4, 5] , and the ecological adjusting mechanism of energy supply and distribution [6] .
Quantifying the inter-annual variability in NPP and the interactions with climate factors would help us understand the terrestrial carbon dynamics and underlying mechanisms in responses to climate change [7] . Recently, many studies have been undertaken on the spatiotemporal variation of NPP and its relationship with climate factors on global and regional scales using a range of approaches from observational [2, 8, 9 ] to a suite of remote sensing based methods [10, 11] . However, the NPP results were diverse in trends and magnitudes, even in the same region among models [10, 12] due to different inputs. Moderate Resolution Imaging Spaectroradiometer (MODIS) annual NPP products have been
Materials and Methods

Study Area
The study focused only on Mainland China. The climate in China is extremely diverse, ranging from tropical regions in the south to subarctic in the north [11] . Therefore, the whole study area was divided into three sub-regions ( Figure S1 ) according to the climatic regionalization of China [32] : (1) Northern China, with mean annual temperature ranges from −4 • C to 14 • C and total annual precipitation ranges from 200 mm in the northwest to 1000 mm in the southeast; (2) Southern China, where mean annual temperature ranges from 14 • C to 22 • C and total annual precipitation ranges from 1000 to 2000 mm [33] ; and (3) the Tibetan Plateau, which has been called the Third Pole of the World, with an average altitude close to 4000 m above sea level, a mean annual temperature ranging from −5 • C to 12 • C and precipitation ranging from >800 mm to <200 mm [34] .
Dataset and Data Processing
Annual Net Primary Productivity (NPP)
NPP derived from MODIS from 2001-2014 in China were used (MOD17A3, 1 km), which have been further used as an important data source for plant productivity monitoring and assessment [35] . The MODIS annual NPP algorithm relies on the summation of the daily estimation of Gross Primary Productivity (GPP) computed globally minus growth and maintenance respiration [14] . To estimate annual NPP, first, the daily estimates of maintenance respiration for leaves and fine roots are subtracted from the daily GPP values. These daily reduced GPP estimates are then summed for each year, and estimates for annual maintenance respiration of living wood tissue and annual total growth respiration are subsequently subtracted, resulting in annual NPP estimates. Full details of the algorithm in MODIS derived NPP can be found in Reference [14] . However, due to the deficiencies and uncertainty of MODIS derived NPP as above-mentioned, the Miami model and Thornthwaite Memorial model were applied in this study, as they are simple to operate with only a few parameters that were easy to obtain, and have a higher spatial and temporal resolution of climate data in China. Additionally, they have previously been applied in China [11, 13] . The Miami model is calculated as follows (Equations (1)-(3)):
NPP T,P = min{ f 1 (T), f 2 (P)} (1)
where K 1 , K 2 and K 3 in Equation (2) are the temperature response parameters with values of 3000, 1.315 and 0.119, respectively and T is the annual average temperature ( • C); K 4 and K 5 in Equation (3) are the precipitation response parameters with values of 3000 and 0.000664, respectively, and P is the annual average precipitation (mm). The parameters of K i (i = 1, 2, . . . , 5) were calculated using the least squares method based on the field testing of NPP, and the relative temperature and precipitation collected at 50 locations scattered across five continents [36] . The Thornthwaite Memorial model is expressed as follows (Equations (4)-(6)):
where v represents the mean annual actual evapotranspiration (mm); L represents the mean annual evapotranspiration (mm); and T and R represent the mean annual temperature and mean annual precipitation, respectively. Due to the different inputs and parameters in the three models, all the estimated NPP results were compared with the field observed NPP (Table S1) , which was calculated from flux tower data based on the eddy covariance method, a micrometeorological method with high-frequency data collection. This method provides direct measures of net carbon fluxes between vegetated canopies and the atmosphere over short and long timescales with minimal disturbance to the underlying vegetation. The observation data were collected from ChinaFLUX sites [37] directly and indirectly from the literature. High-precision CO 2 concentration measurements and surface carbon flux measures, made at eddy covariance measurement sites, can be used to improve and validate the algorithms being used by remote sensing and ecosystem models [38] . The observations almost covered the typical ecosystem types in China. Therefore, observations from carbon flux data were applied as a reference to compare the results from the three models. Sites only having one year, the corresponding yearly data for observations, and three simulated values were used directly; and for sites longer than one year, the corresponding multi-year averaged data were applied. Next, two statistical indicators, namely root mean square error (RMSE), and mean absolute error (MAE), were used to evaluate the performance of each method above-mentioned. The best estimated result was then considered in the following analysis of the NPP relationship with climatic factors and vegetation phenology. The two statistical indicators were calculated as follows (Equations (7) and (8)):
where NPP i is the estimated NPP, NPP * is the field observed NPP; and n is the sample size.
Climate Data and Phenology Extraction
Monthly meteorological data from 2001-2014, including temperature, precipitation, and solar radiation, were acquired from the China Meteorological Data Sharing Service System (downloaded from [39] ) All meteorological data used in this study were verified by China's Meteorological Information Center (located in Beijing, China) [40] , thus false or missing data from some of the stations were eliminated [11] . There are 653 meteorological stations recording temperature and precipitation data (301 in Northern China, 258 in Southern China, and 94 in the Tibetan Plateau), and 99 stations recording solar radiation (50 in Northern China, 38 in Southern China, and 11 in the Tibetan Plateau; Figure S2 ). The Kriging method was used for the spatial interpolation of climate data across the study area [41] .
Vegetation phenology metrics (Start of Season (SOS) and End of Season (EOS) for each year) were extracted using TIMESAT software (which is widely used for simulating vegetation phenology [42, 43] ) by applying the Savitzky-Golay (S-G) method to generate smooth time-series MODIS EVI data. We adopted an adaptation strength of 2.0, no spike filtering, seasonal parameter of 0.5, S-G window size of 2, and amplitude season start and end of 20% to calculate the phenology parameters. Length of Season (LOS) was calculated as the difference between the SOS and EOS values.
Land Cover Data
A 1-km spatial resolution land cover product, MOD12Q1, was applied in this study to analyze NPP and its variation across vegetation types. The MOD12Q1 land cover dataset which was extensively applied to monitor land use and land cover change [44] , is mainly based on the International Geosphere-Biosphere program (IGBP) classification system that obtains a classification algorithm of the decision tree and artificial neural network [45] . The MOD12Q1 land cover classes were further reclassified into seven major land cover classes ( Figure S1 ) in the present study: evergreen needle-leaf forest (ENF), evergreen broadleaf forest (EBF), deciduous needle-leaf forest (DNF), deciduous broadleaf forest (DBF), farmland grassland and meadow (GM), and shrubs. However, the data only reflected the land cover classifications and could not consider changes in land cover that occurred over our study period. It was estimated that vegetation changes might be relatively stable over a short time period of approximately 10 years at a regional or global scale [42] .
Data Processing
Trend Analysis and Turning Point Year Detection
The trends of NPP during 2001-2014 were calculated at both pixel level and regional level. Due to autocorrelation among the inter-annual time series data, a robust non-parametric Mann-Kendall (M-K) trend analysis [46] was applied. This method did not require the independence and normality of the time series data [47] , which has been widely used in trend analysis [19] . Previous studies have reported that the M-K test statistic Z was approximately normally distributed when the sample size was n ≥ 8. A positive or a negative Z value indicated an increasing or a decreasing trend respectively, which were all monotonic [46] . The formulas for the M-K method are described in detail in Reference [46] . In addition, trends of the NPP were tested at a significance level of α = 0.05.
The Theil-Sen median slope estimator was applied to estimate the rate of change of NPP, which was more appropriate for assessing the rate of change in short or noisy time series [48] . The Theil-Sen median slope was computed as (Equation (9)):
where x j and x k are the data values at times j and k (j > k), respectively. To detect the timing and magnitude of NPP changes, a linear regression model and a piecewise linear regression model (Equation (10)) were used. This method has been widely used [41, 49] as it can detect potential turning points (TPs) in a trend of time-series data. In addition, TP was limited to the years 2004 to 2010 to avoid obtaining a too-short segment before or after the TP [50] . The maximum number of TPs was specified as one given that too many TPs would make the result more complex and thus create more uncertainty in the understanding of NPP trends [23] . The models used were:
where Y is the NPP; t is the year; α is the turning point of the NPP time series; β 0 is the intercept; β 1 is the magnitude of the NPP trend before the TP; (β 1 + β 2 ) is the magnitude of the NPP trend after the TP; α is the year of the TP; and ε is the residual random error. The two models were then fitted to the NPP time-series data using the least-squares method, and the Akaike Information Criterion (AIC) [51] was used to determine whether the TPs were significant as it provides a means for model selection [41, 51] . The AIC values of these two models were calculated as (Equation (11)):
where RSS is the residual sum of squares for the estimated model; k is the number of parameters; and n is the sample size.
Finally, ∆AIC was defined as the difference of the AIC2 of the piecewise linear regression model (model 2) and the AIC1 of linear regression model (model 1); if the ∆AIC was less than −2, then model 2 was significantly preferred [8] .
Correlations Relating Climatic Factors, LOS and NPP
Partial correlation analysis was used to explore the relationships between NPP and climatic factors (mean annual temperature, annual cumulative precipitation, and annual cumulative solar radiation from 2001-2014) as well as LOS, which excluded the effects of other variables. The significance of the correlation coefficients was tested at a significance level of 0.05.
To understand the direct and indirect effects of climatic factors, LOS on NPP variation (excluding multi-collinearity between climatic factors and LOS), a structural equation model (SEM) with standardized data was applied to examine the influences of climate and LOS change on NPP variation. The SEM was initiated by including all possible relationships. The least significant relationship was then removed stepwise until all relationships were significant and the fit of the model did not increase further [52] . SEM was conducted by the "sem" R package [53] , which was then visualized by the R package "semPlot".
Results
Accuracy Assessment of NPP Estimation
The accuracy of three modeled NPP results (MODIS derived, the Miami model, and the Thornthwaite Memorial model) were assessed by a comparison with the in situ observations. Validation analysis indicated that the modeled NPP results were all very significantly ( Figure 1 The results demonstrated that the NPP derived from MODIS had an improved performance of NPP simulation by increasing R 2 by 46.18% and 40.46% when compared with the Miami model and Thornthwaite Memorial models, respectively. In addition, the NPP derived from MODIS decreased the relative RMSE and MAE by 34.01% and 38.34%, respectively, when compared with the Miami model, and by 39.71% and 45.88%, respectively, when compared with the Thornthwaite Memorial model.
Spatial Pattern of NPP
The spatial pattern of mean annual NPP derived from MODIS for the period 2001-2014 is shown in Figure 2a . The spatial pattern of annual NPP was uneven, which showed gradients decreasing from the south to the north and from the east to the west. The highest value occurred in Southern China, with values generally higher than 0.6 kg C m −2 in most of that area. In contrast, annual NPP was usually lower than 0. At the biome level, NPP differs in terms of vegetation types ( Figure 3 ). Generally, forest ecosystems have a higher annual NPP than grassland (p < 0.001). Among the forest ecosystems, evergreen forests show a higher NPP than deciduous forests (p < 0.001). The highest NPP was found in EBF, with an average annual value of 0.975 ± 0.362 kg C m −2 , which was almost twice that of the DBF (0.542 ± 0.301 kg C m −2 ) and DNF (0.329 ± 0.103 kg C m −2 ). ENF had the second largest NPP (0.605 ± 0.277 kg C m −2 ), followed by Farmland (0.422 ± 0.159 kg C m −2 ) and Shrub (0.317 ± 0.273 kg C m −2 ), respectively. Grassland had the lowest annual NPP, with an average value of 0.162 ± 0.196 kg C m −2 . At the biome level, NPP differs in terms of vegetation types ( Figure 3 ). Generally, forest ecosystems have a higher annual NPP than grassland (p < 0.001). Among the forest ecosystems, evergreen forests show a higher NPP than deciduous forests (p < 0.001). The highest NPP was found in EBF, with an average annual value of 0.975 ± 0.362 kg C m −2 , which was almost twice that of the DBF (0.542 ± 0.301 kg C m −2 ) and DNF (0.329 ± 0.103 kg C m −2 ). ENF had the second largest NPP (0.605 ± 0.277 kg C m −2 ), followed by Farmland (0.422 ± 0.159 kg C m −2 ) and Shrub (0.317 ± 0.273 kg C m −2 ), respectively. Grassland had the lowest annual NPP, with an average value of 0.162 ± 0.196 kg C m −2 . Figure 4 details the temporal trends in annual NPP across China. Over a 14-year period (2001-2014), 17.69% of total pixels displayed either significantly increased or decreased trends (Figure 4b ; p < 0.05) in the whole study region. Pixels with a positive (i.e., increased NPP) trend in NPP accounted for 78.94% of the total pixels, and 15.18% of the total pixels exhibited a significantly positive trend (Figure 4b ,c; p < 0.05). The increasing rate of NPP in China mainly occurred between 0 and 0.4 × 10 −2 kg C m −2 a −1 (Figure 4c ). At a regional scale, 79.15% of the total pixels showed a positive trend in Northern China, and the increasing rate was mostly distributed in 0-0.6 × 10 −2 kg C m −2 a −1 ( Figure  4d) . Similarly, 88.12% of the total pixels displayed an increasing trend in the Tibetan Plateau, where an increasing magnitude mostly occurred at 0-0.4 × 10 −2 kg C m −2 a −1 (Figure 4f ). In contrast, negative trends occurred in 57.64% of the total pixels in Southern China, with an absolute magnitude mainly ranging from 0.2 × 10 −2 kg C m −2 a −1 to 0.8 × 10 −2 kg C m −2 a −1 (Figure 4e ). (Figure 4c ). At a regional scale, 79.15% of the total pixels showed a positive trend in Northern China, and the increasing rate was mostly distributed in 0-0.6 × 10 −2 kg C m −2 a −1 (Figure 4d) . Similarly, 88.12% of the total pixels displayed an increasing trend in the Tibetan Plateau, where an increasing magnitude mostly occurred at 0-0.4 × 10 −2 kg C m −2 a −1 (Figure 4f ). In contrast, negative trends occurred in 57.64% of the total pixels in Southern China, with an absolute magnitude mainly ranging from 0.2 × 10 −2 kg C m −2 a −1 to 0.8 × 10 −2 kg C m −2 a −1 (Figure 4e ). To clarify the characteristics of the NPP trends, the averaged trends of the NPP and the turning point year at national and regional levels were calculated over the study period (Figure 5 ). At the pixel scale, 87.26% of the total pixels showed abrupt changes in inter-annual NPP variation (∆AIC < −2; Figure S3b To clarify the characteristics of the NPP trends, the averaged trends of the NPP and the turning point year at national and regional levels were calculated over the study period ( Figure 5 ). At the pixel scale, 87.26% of the total pixels showed abrupt changes in inter-annual NPP variation (∆AIC < −2; Figure S3b 
Temporal Trend of NPP
Turning Point Year of NPP at Biome Scale
At the biome level, the variation of NPP was diverse ( Figure 6 ). All vegetation types had two clearly distinct periods over the study period (∆AIC < −2), with the exception of the EBF (∆AIC = −1.9314) which only showed a non-significant decreasing trend of −0.0001 kg C m −2 a −1 (p = 0.9314) during 2001-2014. Farmland and grassland all increased, with a rate of 0.0011 kg C m −2 a −1 (p = 0.3734) and 0.0016 kg C m −2 a −1 (p < 0.01), respectively. In addition, the increasing trend before 2004 was larger than that after 2004 for both farmland and grassland. An increasing trend of NPP was found for DNF, ENF, and DBF, but the opposite trend was found for shrub, despite a turning point year occurring in 2010 (all ∆AIC < −2 and may also have been caused by the criterion we set up in the calculation) for all above vegetation types. In addition, a decreasing NPP occurred for ENF, DBF and shrub during 2001-2010, while an increasing NPP occurred for DNF during the same time period. After 2010, the trend of these four vegetation types was all positive, despite the existence of different magnitudes. 
Relationship Relating Climatic Factors, LOS and NPP
Correlation Analysis
Climatic factors were generally positively correlated with NPP on a national scale (Figure 7) . Positive partial correlations were observed for 62.66%, 70.79% and 57.60% of the total pixels with temperature, precipitation, and solar radiation, respectively. The positive correlation coefficients for the climatic variables ranged from 0.1-0.7. About 56.23% of the total pixels showed positive partial correlations between NPP and LOS, and the positive partial correlation coefficient was mostly distributed between 0.1 and 0.5.
At a regional level, 62.97% of the total pixels in Northern China displayed a negative relationship between NPP and temperature, while precipitation, solar radiation and LOS all generally showed a positive relationship with the NPP (Table 1 ). Over 57% of the total pixels in Southern China indicated a positive relationship between the NPP and climatic factors as well as LOS. However, the relationship in the Tibetan Plateau was diverse. Specifically, over 83% of the total pixels for temperature and about 58% of the total pixels for precipitation displayed a positive relationship with the NPP, while in general, an opposite relationship occurred between the NPP and solar radiation. In addition, the relationship between the NPP and LOS in the Tibetan Plateau was ambiguous. 
Structural Equation Models
Our structural equation model (SEM) did not detect a relationship between temperature, precipitation and solar radiation, which indicates that there was a strong relationship among the climatic factors, LOS and NPP. In the SEM (χ 2 = 1.0138, d.f. = 5, p = 0.9614, AIC = 21.0138, BIC = −1815), climatic factors explained a total of 23% of the variation in LOS, and temperature and solar radiation had a positive effect on LOS, while precipitation had the opposite effect (Figure 8) . Moreover, the effect of climatic factors and LOS on NPP was 0.63, and explained a total of 56% of the variation in NPP. Among the climatic factors, the direct effect of solar radiation on NPP was the largest (0.31), followed by precipitation (0.25), and temperature (0.07).
Our structural equation model (SEM) did not detect a relationship between temperature, precipitation and solar radiation, which indicates that there was a strong relationship among the climatic factors, LOS and NPP. In the SEM (χ 2 = 1.0138, d.f. = 5, p = 0.9614, AIC = 21.0138, BIC = −1815), climatic factors explained a total of 23% of the variation in LOS, and temperature and solar radiation had a positive effect on LOS, while precipitation had the opposite effect (Figure 8) . Moreover, the effect of climatic factors and LOS on NPP was 0.63, and explained a total of 56% of the variation in NPP. Among the climatic factors, the direct effect of solar radiation on NPP was the largest (0.31), followed by precipitation (0.25), and temperature (0.07). 
Discussion
Uncertainties in NPP Estimates
Net primary productivity (NPP), an indicator of the accumulation of atmospheric CO2 in terrestrial ecosystems, plays a crucial role in global change [54] . The accurate estimation of NPP is a crucial step for reliably quantifying carbon fluxes between the atmosphere and terrestrial ecosystems [31] , especially for regions with different topography and climatic conditions. Although deficiency and biases exist in the MODIS derived NPP, the validation illustrated that the model applied by MODIS was superior to the Miami model and Thornthwaite Memorial model, with an increased R 2 value and a decreased RMSE and MAE. The RMSE and MAE between the MODIS derived NPP and observations were only 0.19 kg C m −2 and 0.14 kg C m −2 , respectively. This indicated that the MODIS derived NPP may be suitable for analysis with relatively low regional biases in China for the period of 2001-2014 to some extent despite coarse global climate data applied in MOD17. Additionally, it illustrated that the parameters input and algorithms may affect the results. For instance, the Miami model is one of the first global empirical models that only utilizes temperature or precipitation in the model [55] , while the Thornthwaite Memorial model determines NPP for a particular location as the actual evapotranspiration functions [36] . The interactions among climatic factors and other influential factors such as vegetation types are not included in these two models [11] . Furthermore, there is no mechanism to account for changing vegetation density in the two models [56] . However, the model applied by MODIS incorporates biogeochemical principles in a mechanistic modeling environment and the vegetation feedback to climate conditions through changes in Leaf Area Index and absorbed radiation, and has the advantage of providing spatially continuous estimates with a consistent methodology, which is important for any large-scale studies [35] . It should be noted that NPP is not easy to measure and only 26 field sites were included in this study, which may cause biases due to the larger study area. In addition, heterogeneity, stand density, and pixel resolution may also affect 
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Spatiotemporal Variation of NPP
In general, all three NPP estimates showed similar spatial patterns, with mean annual NPP higher in the southeast and gradually decreasing towards the northwest (Figure 3 and Figure S2 ). This finding was consistent with previous studies [10] [11] [12] 58] . This may have been due to the climatic gradient (e.g., temperature and precipitation) from the southeast to the northwest in China, which is more favorable for vegetation growth in southern China [11, 59] . The lowest NPP value in northwest China and the Tibetan Plateau, which was consistent with References [10, 11] , may have resulted from low temperature and the absence of precipitation. In addition, vegetation type was also a key factor that affected NPP spatial distribution. In Southern China, the dominant vegetation type are evergreen forests ( Figure S1 ) which have a higher productivity than that of the grassland and desert vegetation ( Figure 4 ) distributed mostly in Northern China and the Tibetan Plateau. Productivity in the southeast Tibetan Plateau was higher than that of other areas in the Tibetan Plateau as demonstrated by our conclusion above.
The total amount of NPP increased at a rate of 0.009 Pg C a −1 in China from 2001-2014, which was similar with Reference [10] , who found a rate of 0.008 Pg C a −1 in China from 1999-2010. The decreases in NPP over Southern China were more than offset by increases in NPP over Northern China and the Tibetan Plateau. The overall increased NPP could help to mitigate climate warming at regional scale and/or global scale to some extent. In terms of trend variation, a continually increasing trend of NPP in China from 2001-2014 was found, despite the occurrence of a turning point year which was similar with the previous finding in Reference [10] . This may be due to the fact that over the past three decades, the central government of China has decided to combat severe environmental degradation, including declining vegetation cover and expanding desertification [29] . To realize this goal, the Three North Shelter Forest System project, the Beijing-Tianjin Sand Source Control Program, and the Grain for Green Project [29] were implemented. Alternatively, as the turning point is related to ENSO events/cycles, it is necessary to validate this conclusion in the future.
At a regional scale, NPP trends in China showed a prominent geographical heterogeneity. The trends before and after the turning point year in Northern China and the Tibetan Plateau were all positive. In contrast, the trend in Southern China was the opposite, which may have been due to ecorestoration, forest/grassland protection, and reforestation in Northern China and the Tibetan Plateau after 2000 [29] . However, in Southern China, freezing low temperatures in early 2008, the severe drought in 2009 [31] , and decreased solar radiation [12] may have all contributed to the decreasing NPP. Due to the physiological and/or local environmental conditions, the trend and turning point year among vegetation types were diverse.
Diverse NPP Correlations with Climate Drivers and LOS
Vegetation NPP is influenced by a variety of factors, and the primary one is climate-related. Temperature, precipitation, and solar radiation are the main climate drivers for vegetation growth [59] , but the relationships vary with spatial scale. Nevertheless, limited efforts have been made to investigate the relative roles of different climate variables in the NPP [10] . Generally, temperature has been found to be positively correlated with the NPP at a national level, which is consistent with previous studies [10, 60] . This response may in part be related to the increased activity of photosynthetic enzymes [61] and improved capacity for photosynthesis and growth [62] . However, the relationship between temperature and NPP in Northern China was negative. This may have resulted from higher temperatures leading to increased water scarcity caused by accelerated evaporation, which would work against vegetation growth, especially for arid and semi-arid areas in Northern China [49] . Additionally, the positive relationship between precipitation and NPP in Northern China illustrated this conclusion. Precipitation showed a positive correlation with NPP at both the national scale and regional scale, which may have occurred as more precipitation increases soil moisture, satisfying the water requirements for vegetation growth and productivity increase, especially in late spring and summer, which usually have higher temperatures and more evapotranspiration [63] .
Little is known about the light-related physiological mechanisms that regulate NPP due to the difficulty in distinguishing the effects of day length (i.e., photoperiod) and light intensity [18] , especially when studies are extended to consider their correlations with temperature and precipitation. Therefore, in this study, solar radiation was considered as an integrated surrogate for both day length and sunlight intensity [18] to investigate the effects of solar radiation on the NPP. A positive correlation was observed between the NPP and solar radiation at both the national and regional scales, except for a negative relationship which occurred in the Tibetan Plateau. Generally, increased solar radiation provides sufficient materials and energy for vegetation photosynthesis and solar radiation is typically accompanied by warmer temperatures and sufficient sunlight intensity, both of which can enhance photosynthetic capacity and promote vegetation NPP. The negative correlations between solar radiation and NPP in the Tibetan Plateau may be partly related to larger areas of melting seasonal snow and permafrost soils caused by abundant solar radiation, leading to higher soil moisture content and creating an anaerobic soil environment within the plant root zone, thus limiting vegetation growth [64] . Alternatively, increased solar radiation may enhance surface soil evaporation and limit water availability for herbaceous plants that have shallow root systems.
Vegetation phenology has long been regarded as an important factor that affects vegetation productivity. Consistent with previous studies in References [20, 65] , our results also indicated a positive relationship between the NPP and LOS at both national and regional levels. This suggests that an extension of LOS is one of the most important factors that affect plant productivity [66] .
Shortcomings and Uncertainties
In this study, we used data from only 99 solar radiation stations, as meteorological stations in the Tibetan Plateau are scarce. The sparse distribution of climate data limited the detail and accuracy of the relationship between climatic factors and plant productivity. Therefore, the results are likely to be subject to some ambiguity. Vegetation NPP is influenced by a variety of factors. In this study, only three climatic factors and LOS were considered. Although these factors have explained a total of 56% of the variation of NPP (Figure 8 ), other climate-related factors, such as sunshine duration, soil temperature, precipitation characteristics (e.g., effective precipitation, precipitation intensity), CO 2 concentrations, N enrichment and deposition (e.g., policy and planning changes), should be considered in future studies [67] . Moreover, other phonological metrics (e.g., Start of Season, End of Season), species competition, and disturbances such as anthropogenic activities (irrigation, fertilization [68, 69] , harvest, land use/land cover change), wildfires, plant diseases, pests, floods, and droughts as well as the time-lag effect of the above-mentioned variables can vary by region [50] , and should also be considered in future studies.
The results presented here indicate the complexity of vegetation NPP dynamics and the response or reaction strategy of vegetation to climate change during the study period. However, the trend for NPP before and after turning points were mostly non-significant despite all turning points being significant (except evergreen broadleaf forest) based on ∆AIC. This may be caused by a short time period, or a non-linear variation on NPP during the study period. Therefore, the conclusions mentioned above should be made with more caution, and more effort should be made to explore the NPP trends (e.g., non-linear trend) in the future to clarify the direction of dynamic NPP trends [70] . In addition, it is difficult to estimate future NPP dynamics using mathematical models (e.g., linear regression analysis) due to the nonlinear characteristics of NPP dynamics in a long time series, the uncertainty about future climate change, and the time-lag effect of NPP responses to climate change. To date, the Hurst exponent, which has been widely used in hydrology, climatology, economics, geology, and geochemistry, could be considered to predict the NPP variation. The results presented here ( Figure S4 ) indicate that NPP in China will continue to increase based on the Hurst exponent. Unfortunately, this exponent characterizes trends based only on past and present environmental conditions, without considering future environmental change, especially in developing areas, or giving a time period for dynamic NPP trends. These limitations restrict our ability to predict and anticipate future NPP variation, the carbon cycle and its relationship with and response to climate change and human activity, and hence more effort must be made to predict future NPP variation.
Conclusions
In this study, the spatiotemporal patterns of NPP and its correlation with climatic factors as well as vegetation phenology during 2001-2014 in China were investigated, and the main conclusions can be summarized as follows:
1.
Validation results showed that NPP derived from MODIS performed well in China's ecosystem compared with the other two models, with an increased R 2 value and a decreased RMSE and MAE. However, this conclusion should be made with caution due to few observed sites.
2.
During the entire study period, annual NPP showed an increasing trend at the national scale. However, the increasing trends in NPP were not linear, with a slower rate after 2004. At a regional level, annual NPP displayed an increasing trend, despite the occurrence of a turning point year in Northern China and the Tibetan Plateau. However, the NPP in Southern China decreased during the whole study period, which can mainly be explained by climate change as well as fierce anthropogenic activities.
3.
Generally, climatic factors and LOS were positively correlated with NPP, and the direct effect of solar radiation on NPP was the largest compared with temperature and precipitation. Due to local climate conditions, the relationship between NPP and climatic factors were diverse at a regional scale.
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